Abstract Quantitative modelling of landslide hazard, as opposed to landslide susceptibility, as a function of the earthquake trigger is vital in understanding and assessing future potential exposure to landsliding. Logistic regression analysis is a method commonly used to assess susceptibility to landsliding; however, estimating probability of landslide hazard as a result of an earthquake trigger is rarely undertaken. This paper utilises a very detailed landslide inventory map and a comprehensive dataset on peak ground acceleration for the 1994 M w 6.7 Northridge earthquake event to fit a landslide hazard logistic regression model. The model demonstrates a high success rate for estimating probability of landslides as a result of earthquake shaking. Seven earthquake magnitude scenarios were simulated using the Open Source Seismic Hazard Analysis (OpenSHA) application to simulate peak ground acceleration, a covariate of landsliding, for each event.
Introduction
The United States Geological Survey's (USGS) National Earthquake Information Center (NEIC) reports more than 30,000 earthquakes per year, of which an average of 25 cause significant damage, injuries or fatalities (Godt et al. 2008) . Seismically induced landslides are one of the most damaging secondary hazards associated with earthquakes . Approximately 5 % of all earthquake-related fatalities are a result of seismically induced landslides, and in some cases, landsliding is the main cause of non-shaking deaths (Nowicki et al. 2014; Marano et al. 2010) . There are also instances where earthquake-triggered landslides cause the majority of fatalities; 585 fatalities of the total 844 fatalities in the 13 January 2001 El Salvador earthquake were due to landslides (Bommer et al. 2002) .
Many statistical methods are available to map the landslide hazard quantitatively based on explanatory variables or covariates. These include classical regression-type approaches such as logistic regression (Atkinson and Massari 1998) and a range of machinelearning approaches (Pardeshi et al. 2013; Santacana et al. 2003; Yesilnacar and Topal 2005) . Logistic regression is used commonly to determine the significant factors affecting landslide hazard and is the method recommended by Brenning (2005) . Logistic regression is a useful tool for analysing landslide occurrence, where the dependent variable is binary (i.e. presence or absence) and the covariates are categorical, numerical or both (Boslaugh 2012; Chang et al. 2007; Atkinson and Massari 1998) . The logistic regression model has the following form:
where y is the dependent variable, x i is the i-th covariate, β 0 is a constant, β i is the i-th regression coefficient, and e is the error. The probability (p) of the occurrence of y is given by the following:
A common difficulty with performing logistic regression analysis is acquiring sufficiently detailed landslide inventory maps, particularly for events which have not resulted in casualties, not caused significant damage or occur in remote, unpopulated terrain (Hervas and Bobrowsky 2009) . Moreover, the majority of logistic regression studies model underlying, long-term susceptibility, not accounting for the triggering factor (Budimir et al., in review) . For example, ground motion is rarely considered as a covariate in logistic regression analysis to estimate probability of landsliding (Nowicki et al. 2014; Carro et al. 2003; Marzorati et al. 2002) .
When modelling landslide hazard, the preparatory or intrinsic factors (such as geology, slope, vegetation) and the causative or extrinsic factors (precipitation or shaking) must be considered (Dai and Lee 2003; Hervas and Bobrowsky 2009) . Hovius and Meunier (2012) proposed that the relationship between landslides and peak ground acceleration is key to understanding the global attributes of regional and local patterns of seismically induced landsliding. The unique shaking distribution from an earthquake event is required because the treatment of the earthquake as a simple line or point source of energy can lead to erroneous conclusions (Geli et al. 1988; Hovius and Meunier 2012) . Ground motion varies spatially not only because of distance from the epicentre but also due to soil and bedrock characteristics and topographic site effects (Meunier et al. 2008; Sidle and Ochiai 2006; Hovius and Meunier 2012; Brown and Ghilarducci 2013; Field et al. 1997; Tibaldi et al. 1995 ). Thus, a major limitation to coseismic landslide hazard modelling is the requirement for ground motion data, which are typically difficult to acquire (Pradhan et al. 2010; Atkinson and Massari 2011; Hovius and Meunier 2012) .
Since 2007, the USGS has produced near-real-time ShakeMaps of ground motion through the Prompt Assessment of Global Earthquakes for Response (PAGER) program following significant global earthquakes. These peak ground acceleration maps can be used in landslide hazard modelling to estimate probability of landslide hazard as a result of an earthquake trigger. When peak ground acceleration data are unavailable for a particular earthquake event, it is possible to simulate the data using attenuation models. The Open Source Seismic Hazard Analysis (OpenSHA) application is an open source application developed by the Southern California Earthquake Center (SCEC) in collaboration with the USGS, the California Geological Survey (CGS) and other partners, which can simulate any earthquake scenario. The application uses complex earthquake rupture forecasts and ground motion models to produce peak ground acceleration maps, given the hypocentre location and earthquake magnitude (Field et al. 2003 (Field et al. , 2005 .
This study investigates the landslide hazard at Northridge, California, utilising an unprecedented landslide inventory taken in the immediate aftermath of the 1994 M w 6.7 earthquake Jibson 1995, 1996) . In addition, approximately 200 strongmotion recordings of the main shock were taken, producing one of the most comprehensive datasets at the time of the event, providing the peak ground acceleration data for this study (Parise and Jibson 2000) . These two key datasets were used in logistic regression modelling to create a model to estimate probability of landslide hazard given a set of environmental covariates (intrinsic factors) and the earthquake trigger (extrinsic factor). Seven earthquake events of different magnitudes were simulated using the OpenSHA program, and the associated peak ground acceleration patterns were modelled. Using the fitted logistic model, the probability of landsliding in the region conditional upon these events was estimated. Finally, the utility of the modelling approach as a decision-support tool for hazard planning and emergency management is discussed.
Background
On 17 January 1994, a M w 6.7 earthquake struck Northridge, California. The causative fault of the Northridge earthquake is part of a broad system of thrust faults at the Big Bend of the San Andreas Fault, resulting from the left step in the Pacific-North American plate boundary (Jones et al. 1994) . The fault was not mapped before the event and did not extend to the surface (Jones et al. 1994) . The greater Los Angeles region has a fairly active tectonic history; since 1920, 18 moderate (M w 4.8-6.7) earthquakes have occurred in the area (Jones et al. 1994) . The 1971 San Fernando M w 6.7 earthquake epicentre was located northeast of the Northridge earthquake (Jones et al. 1994 ). The 1994 hypocentre was 18 km beneath the city of Northridge in the San Fernando Valley on a blind thrust fault striking N58°W and dipping 42°s outhward (Harp and Jibson 1996) . On average, the peak ground acceleration recorded for the event was larger in magnitude compared to other recorded reverse-faulting events (Jones et al. 1994) .
The Northridge earthquake caused the greatest damage since the 1906 San Francisco earthquake (Wald et al. 1996) . More than 1,500 people were seriously injured and 57 fatalities were recorded (Aurelius 1994) . Approximately 12,500 structures were moderatelyto-severely damaged, leaving thousands of people temporarily homeless (Aurelius 1994) . The earthquake triggered more than 11,000 landslides which were recorded as digital landslide maps immediately following the earthquake (Fig. 1) Jibson 1995, 1996) .
The majority of the landslides were concentrated in a roughly concentric 1,000-km 2 area north and northwest of the epicentre, including the Santa Susana Mountains and the mountains north of the Santa Clara River valley (Harp and Jibson 1996) . The maximum distance of the observed landslides to the epicentre was approximately 70 km (Harp and Jibson 1996) . The majority of landslides were shallow, highly disrupted slides and falls, composed of weakly cemented Tertiary and Pleistocene clastic sediments (Harp and Jibson 1996) . The average volumes of these triggered landslides were less than 1,000 m 3 , but many exceeded 100,000 m 3 (Harp and Jibson 1996) . There were approximately tens-to-hundreds of deeper triggered rotational slumps and block slides, a few of which were larger than 100,000 m 3 in volume (Harp and Jibson 1996) .
Damage to residential buildings was three to four times greater when landslides were involved than the average damage due to shaking (Brown and Ghilarducci 2013) . The area principally affected by coseismic landslides during the event had plans to develop dense residential areas at the time of the event (Harp and Jibson 1996; Keefer and Wilson 2011) . In particular, since 1994, Santa Clarita and Simi Valley have been developed into much denser residential suburbs.
Methods
This paper uses a well-documented landslide inventory map, detailed peak ground acceleration data and environmental parameters associated with landsliding to fit a logistic regression model of probability of landslide occurrence for the 1994 Northridge earthquake event. The probability of coseismic landslide occurrence was then predicted using the logistic regression model for seven earthquake scenarios in Northridge, California. Peak ground acceleration (PGA) maps were produced for each scenario using OpenSHA, an open source application that makes use of distributed grid computing (Field et al. 2003 (Field et al. , 2005 . The seven scenarios chosen were M w 6.0, M w 6.7, M w 6.9, M w 7.0, M w 7.2, M w 7.5 and M w 8.0. The selection of these earthquake magnitudes was based on the 1994 recorded M w 6.7 moment magnitude and the forecasted 30-year magnitude probability distributions calculated for the Northridge 1994 event fault type in southern California using the Uniform California Earthquake Rupture Forecast (UCERF) II Report (Field et al. 2008) .
The exposure of infrastructure and the population in the study site to high levels of earthquake shaking and landslide probability above a determined threshold was estimated for each scenario. In this context, exposure is a verb which has a binary outcome (exposed or not) applied to the elements present in the study site that are thereby subject to potential losses (Allen et al. 2009; UNISDR 2007) . The sets of assets within these high levels of shaking or areas of landslide hazard are termed exposed assets (Fig. 2) . The threshold adopted for potentially impactful seismic shaking was ≥0.18 g, taken from the USGS ShakeMap scale for moderate potential damage and very strong perceived shaking. The exposure of infrastructure and the population in the Northridge site to landslide hazard above 0.9 probability of occurrence was also calculated. This high landslide hazard threshold was chosen based on the high accuracy of the landslide hazard model to successfully predict landslide occurrence of 77.26 % and Original Paper Landslides 12 & (2015) non-landslide occurrence of 97.62 % at ≥0.9 probability using the recorded, original peak ground acceleration variable.
The accuracy of the logistic regression model was evaluated by calculating the area under the curve (AUC) for the receiver operating characteristic (ROC), based on a subset of the original data not used in the development of the model. The ROC curve is drawn by plotting the true positive rate and false positive rate as the x and y axes, respectively. The AUC is a statistic that measures the ability of the model to correctly classify cases of landslide and stable area (Chang et al. 2007) . When the total area is found to be 1, this indicates perfect accuracy. In addition to this, the percentage of correctly and incorrectly predicted landslides and non-landslide cells for a failure threshold of ≥0.9 probability of landsliding was calculated. To assess the accuracy of the peak ground acceleration maps generated by the OpenSHA program, the recorded peak ground acceleration map from the 1994 Northridge event was compared to the OpenSHA modelled output for the M w 6.7 scenario. The accuracy of the landslide hazard model using the OpenSHA-generated peak ground acceleration was also compared to the landslide hazard model generated using the recorded peak ground acceleration.
Landslide hazard model A logistic regression model was fitted to the relation between landslide occurrence and several environmental covariates, including peak ground acceleration due to earthquake shaking, for the 1994 Northridge event. A raster-based methodology was adopted for this study. All covariate data were converted (rasterized) to the same 1-km 2 spatial resolution as the digital elevation model (DEM) data. The landslide inventory maps were rasterized and coded with a value of 1 (landslide occurrence) and 0 Jibson 1995, 1996) Landslides 12 & (2015) 897 (no landslide occurrence). At a spatial resolution of 1 km 2 , the 11,000 landslides were represented by 3,358 raster grid cells. To increase the certainty of selecting landslide-free grid cells outside a mapped landslide occurrence, a 1-km buffer zone around each landslide was used and excluded from selection in the logistic regression analysis. It is recommended in logistic regression analysis to use equal proportions of landslide and nonlandslide cells in analysis (Chang et al. 2007; Dai and Lee 2002; Yesilnacar and Topal 2005) . Two thirds of the landslide cells (2,518) were selected randomly, and an equal number (2,518) of non-landslide raster image cells were selected for use in logistic regression to estimate probability of landslide occurrence. One third of the initial sample not used to fit the logistic regression model was retained for future accuracy assessment. These 840 landslide and 840 non-landslide data points were generated randomly from the remaining cells, including from within the buffer zone.
The continuous covariates used as an input into the logistic regression analysis were curvature, drainage density, distance to drainage, elevation, fault density, distance to fault line, peak ground acceleration, plan curvature, profile curvature, distance to ridgeline, roughness (at 3 and 5 cell radius standard deviation of elevation), slope gradient and stream power index (SPI) ( Table 1 ). An additional four categorical variables were included: aspect, geology, soil type and vegetation (Table 1 ). The logistic model was fitted automatically using the statistical software 'R', in a backward-stepwise manner, using the Akaike information criterion (AIC) value to determine the best-fitting model. In the backward step-wise method, bivariate models are fitted between the dependent variable and all covariates. The least significant covariate is then removed from the working model. At each further step, additional covariates are removed one at a time and most significant covariates are retained in the working model. When the optimum AIC value is obtained, no further covariates were removed from the model.
Peak ground acceleration model
The earthquake peak ground acceleration shaking maps for each of the seven scenarios were computed using the OpenSHA application (freely available at http://www.OpenSHA.org). OpenSHA can simulate any earthquake scenario, given the hypocentre location and earthquake magnitude; using complex earthquake rupture forecasts and ground motion models, the application can produce peak ground acceleration maps. The fault point source coordinate data for the simulations in this paper (34.213 N, −118.536 E) were taken from the USGS Advanced National Seismic System (ANSS) ShakeMap for the Northridge 1994 event.
The attenuation model was selected from the available models in the OpenSHA program, specifically the 11 models which use the CGS/Wills Site Classification map (2006) as site data. The OpenSHA application was run for the 11 attenuation models using the Northridge 1994 M w 6.7 epicentre coordinates, at a selection of depths (5-30-km deep). The simulated peak ground acceleration maps produced were compared to the recorded peak ground acceleration variable for the event and the root mean square error (RMSE) was calculated. Campbell (1997 with erratum 2000 changes) attenuation model at 30 km depth produced the smallest RMSE (0.16 g) and was selected as the attenuation model for all seven scenarios in this paper.
Asset data
Data for estimating the potential exposure of assets to earthquake shaking and high landslide probabilities were obtained from various sources, as outlined in the following section. An ideal dataset would provide data for each asset in 1994 and 2014 to both assess the impact of an event occurring now or in the near future and provide the opportunity to compare the result to the 1994 event. However, this was not available. Therefore, the nearest existing data between 1994 and 2014 were used in this paper. The exact date or time frame for each asset dataset is stated in the following section. Each dataset was clipped in ArcGIS to the Northridge site extent.
Gridded population and housing unit data for the USA were obtained at a fine spatial resolution of approximately 250 m for the years 1990 and 2000 ( Fig. 3 ) Seirup et al. 2012) . The gridded variables are based on census block geography from the Census 1990 Topologically Integrated Geographic Encoding and Referencing (TIGER)/Line Files and produced by Columbia University Centre for International Earth Science Information Network (CIESIN) for California. Point data on important buildings were obtained from the Economic and Social Research Institute (ESRI) ArcCatalog BaseMap of North America. These data are part of a nationwide building base map of the USA and include major buildings, excluding churches, hospitals and schools.
Two types of road data were used to assess the impact of earthquake shaking and landslides on road assets: primary roads and all roads. Primary road line data were sourced from the Digital Chart of the World's (DCW) data repository for the state of California (Fig. 3) . The DCW is an ESRI product originally developed for the US Defense Mapping Agency (DMA) using DMA data.
All road data for Ventura County and Los Angeles County were obtained from the US Census Bureau's Master Address File (MAF)/TIGER database. The all roads shapefile includes primary roads, secondary roads, local neighbourhood roads, rural roads, city streets, vehicular trails, ramps, service drives, walkways, stairways, alleys and private roads (Fig. 3) . The most recent version of data for 2011 was used in the paper.
Utility line data were obtained from the DCW's data repository for the state of California. Utilities recorded as line shapefiles included power transmission lines, telephone or telegraph lines, above-ground pipelines and underground pipelines (Fig. 3) . Railway line data are credited to ©OpenStreetMap contributors, with the data automatically extracted from the most recently available version from Geofabrik's free download server (Fig. 3) . The data were available for the entire North America region.
Three land cover maps were used in this paper to estimate the impact of exposure to high earthquake shaking and high landslide hazard on urban land features (Fig. 3) . The 1992 land cover map was obtained via the USGS National Land Cover Dataset compiled from Landsat satellite Thematic Mapper (TM) imagery with a spatial resolution of 30 m. The 2006 land cover map was compiled by the Multi-Resolution Land Characteristics (MRLC) Consortium (Fry et al. 2011) . Projected urban land cover data for 2020 were downloaded from Cal-Atlas, the original data provided by the California Environmental Resource Evaluation System (CERES). Urban land cover projections were made based on extrapolation of current population trends and recent urban development trends.
Results

Changes since 1994
Census data with a spatial resolution of 250 m collected in 1990 and 2000 show that there were increases in both the number of housing units and the population between these dates. Population increased from 477,924 to 542,384 people (a 12 % increase), whilst the number of housing units increased from 121,528 to 125,884 houses (a 3 % increase) in the study site. Locally, there was an increase in population in the San Fernando Valley and the outskirts of Los Angeles in the southeast corner of the study site. Development also occurred along the primary roads in the hillier northern region of the site, particularly at Santa Clarita.
Urban land cover in the study site increased from 1,320 to 2,125 km 2 (a 38 % increase) between 1992 and 2006 (Fig. 3) . The main urban regions of Northridge, Santa Clarita, Simi Valley, Thousand Oaks, Fillmore and Lancaster clearly expanded since 1992, and the regions in-between are beginning to be developed (Figs. 1 and 3) . Projected urban area for the year 2020 suggests further development in Northridge, Thousand Oaks and Simi Valley, in particular ( Figs. 1 and 3) . Table 2 shows the regression coefficients and their significance levels (p value) for the covariates in the landslide hazard model. The landslide logistic regression hazard model found peak ground acceleration, roughness (3×3 cells), elevation, slope, fault density, drainage distance, ridge distance, aspect, geology, vegetation and soil type to be significant covariates in estimating probability of landslide hazard (Table 2) .
Simulation results
Using Eqs. 1 and 2, the logistic regression model was used with these covariates (Table 2) to calculate the probability of landsliding for each earthquake simulation using the OpenSHA peak ground acceleration variables seen in Fig. 4 . Figure 5 shows the areas estimated to be affected by ≥0.9 probability of landsliding and ≥0.18 g for the seven earthquake scenarios in which the Northridge event is repeated but with varying magnitudes (M w 6.0, M w 6.7, M w 6.9, M w 7.0, M w 7.2, M w 7.5 and M w 8.0), simulated using the OpenSHA application and the landslide hazard model. As earthquake magnitude increases, the area affected by high levels of shaking spreads outwards from the epicentre, affecting a greater area. As the initial earthquake Original Paper magnitude is increased, the area affected by high probability of landsliding also increases. Santa Clarita, Fillmore, Simi Valley, Thousand Oaks and the outskirts of Northridge become more likely to be affected by landsliding as earthquake magnitude increases. For the M w 8.0 scenario, the majority of the study site is affected by very strong perceived shaking and moderate potential damage. Validation of the landslide hazard model A subset of 840 landslide and 840 non-landslide data points was not used in the fitting of the logistic regression landslide hazard model. For each of the cells, the probability of landslide occurrence was selected and used to assess the accuracy of the hazard model. The accuracy of the logistic regression model was evaluated by calculating the AUC for the ROC. The ROC AUC for the landslide hazard model using the recorded peak ground acceleration from the 1994 Northridge event was 0.974. This indicates very high accuracy. The percentages of correctly and incorrectly predicted landslide and non-landslide cells based on landslide failure at p≥0.9 for the landslide hazard model were also calculated. The model shows good ability in separating landslide cells from non-landslide cells using the ≥0.9 probability of failure threshold value, with a 77.26 % successful prediction of landslide cells and 97.62 % successful prediction of non-landsliding.
Validation of peak ground acceleration model
The recorded peak ground acceleration data for the Northridge 1994 M w 6.7 event were compared to the OpenSHA estimated peak ground acceleration maps to calculate the error in simulating the peak ground acceleration variable. The difference between observed shaking and modelled shaking varies between +0.39 and −0.47 g (Fig. 6) . The RMSE between the observed and modelled peak ground acceleration using the OpenSHA program for the M w 6.7 scenario is 0.16 g.
The impact of using the simulated peak ground acceleration variable on the estimation of landslide hazard probability was also tested. The model used in estimating landslide probability for the six scenarios has a high AUC value of 0.974, demonstrating a high degree of accuracy in estimating probability of landslide occurrence for this study site. There was no difference in ROC AUC values between using the original PGA variable and the OpenSHA-generated PGA variable (Hanley and Mcneil 1983) .
Similarly, when the percentage of correctly and incorrectly estimated landslide and non-landslide cells based on a landslide failure at p≥0.9 for the original peak ground acceleration variable and simulated M w 6.7 peak ground acceleration variable were compared, there was only a small loss in successful estimation of landsliding. The original PGA variable model achieved a 77.26 % successful prediction of landslide cells and a 97.26 % successful prediction of non-landsliding. The simulated PGA variable model achieved a 70.12 % successful prediction of landslide cells and a 96.66 % successful prediction of non-landsliding. This indicates that the OpenSHA-generated peak ground acceleration variable does not introduce significant error into the landslide hazard model estimation relative to using the observed peak ground acceleration data.
Asset exposure to earthquake shaking and landsliding Asset exposure to earthquake shaking ≥0.18 g and to landslide probability ≥0.9 for each of the seven earthquake scenarios was calculated by overlaying the asset variables on the shaking and landsliding data layers and estimating the total number or quantity of assets within these regions. This was conducted within the study site for the following assets: primary roads, utility lines, railway lines, all roads, urban land cover (1994, 2006, 2020) , population at the census block spatial resolution (1990, 2000) , housing units (1990, 2000) and important buildings (Figs. 7, 8  and 9 ).
Roads, railway lines and utilities
Primary roads and all roads have a similar pattern of exposure to high levels of earthquake shaking and landslide probability as earthquake magnitude increases between simulations, despite the total length of roads exposed being different (Fig. 7) . Roads exposed to ≥0.18 g show a concave pattern, with a rapid increase and tapering off in the length exposed as earthquake magnitude increases (Fig. 7) . Roads exposed to ≥0.9 probability of landsliding show a steady increase in exposure as earthquake magnitude increases (Fig. 7) .
Railway lines are most densely clustered in the southeast corner of the site in Los Angeles. This area is not exposed to high landsliding probability but is exposed to high levels of earthquake shaking at ≥M w 6.7, explaining the steep gradient of the exposed railway line affected by earthquake shaking before M w 6.7 (Fig. 7) . Utility lines are most densely clustered in the north of the study site, which is gradually exposed to ≥0.18 g as earthquake magnitude increases (Fig. 7) . The utility lines are concentrated in the landslide-prone area of the study site, showing a steady increase in the length of utility lines exposed to high landslide probability as earthquake magnitude increases (Fig. 7) .
Urban land cover
The urban area exposed to high earthquake shaking and high landslide probability does not increase greatly as earthquake magnitude increases in the scenarios (Fig. 8) . This is because, even at a low-magnitude earthquake event of M w 6.0, the majority of the urban land cover is exposed to shaking and a high probability of Fig. 6 Error between peak ground acceleration recorded during the 1994 M w 6.7 Northridge earthquake and the scenario M w 6.7 simulated by OpenSHA. Red areas show where the OpenSHA overestimates peak ground acceleration, and blue areas show where OpenSHA underestimates peak ground acceleration landsliding (Fig. 5) . As the area affected by increasing magnitude events expands, only a small proportion of urban land cover is newly incorporated into the exposed regions (Fig. 8) .
A clear increase can be seen in the total area of urban land cover exposed to high levels of earthquake shaking and landslide probability between 1992 and 2006. For the low-magnitude event of M w 6.0, the urban area affected by high earthquake shaking increases by 680 km 2 and for high landslide probability by 870 km 2 .
Population and buildings
Population and buildings exposed to ≥0.18 g increase rapidly between M w 6.0 and M w 6.7, levelling off at the greater magnitude scenarios, whilst population and buildings exposed to ≥0.9 landslide probability rapidly increase as earthquake magnitude increases (Fig. 9 ). This is because population density and housing units are clustered most densely in the centre and southeast of the site in Northridge and Los Angeles. The epicentre of the earthquake is in the centre of the San Fernando Valley, so as the earthquake magnitude increases the area exposed to high levels of shaking expands out from this centre (Fig. 5) . By the M w 6.7 scenario, the majority of the densest population and housing is exposed to earthquake shaking; above this magnitude, less dense population and housing are exposed in the remainder of the site.
The area exposed to ≥0.9 landslide probability increases exponentially with increasing earthquake magnitude (Fig. 9 ) because at Fig. 7 Assets (primary roads, utilities, railway lines and all roads) within the Northridge site exposed to (left) earthquake shaking ≥0.18 g, and (right) landslide probability ≥0.9, modelled using the OpenSHA program and the logistic regression model for the seven magnitude scenarios lower magnitude scenarios, the area exposed to high landslide probability is mostly in the steeper slopes where the population and housing are less dense. However, as earthquake magnitude increases through the scenarios, this exposed area spreads quickly outwards to affect more residential areas such as Santa Clarita, Simi Valley, Thousand Oaks and the region between Northridge and Los Angeles (Fig. 5) .
Discussion
Landslide susceptibility assessment using logistic regression analysis is a common approach in the literature; however, using peak ground acceleration in logistic regression analysis to estimate landslide hazard probability is rare (Nowicki et al. 2014; Marzorati et al. 2002; Carro et al. 2003) . This study utilised two very detailed datasets-a landslide inventory map and recorded peak ground acceleration map-for the 1994 M w 6.7 Northridge earthquake to fit a logistic regression landslide hazard model. The landslide hazard model has a high level of accuracy in predicting landslide locations using the ≥0.9 probability threshold of failure. The freely available OpenSHA application was then used to generate peak ground acceleration maps for seven earthquake magnitude scenarios for the Northridge study site. The seven scenarios show an increase in the number of exposed assets since the 1994 Northridge earthquake, and an increase in exposed assets as earthquake magnitude is increased.
The earthquake scenarios chosen for this study assume the same fault type scenario occurring in the future as recorded during the 1994 Northridge earthquake event. The likelihood of such an event occurring in exactly the same way as in 1994 is not evaluated in this study. However, the parameters provided by the USGS ShakeMap archive provide input variables for the OpenSHA model to estimate the peak ground acceleration variable. This is required to fit the landslide hazard model and also assess the uncertainty in using the OpenSHA model to estimate peak ground acceleration. Fig. 9 Assets exposed to (left) earthquake shaking ≥0.18 g and (right) landslide probability ≥0.9 modelled using the OpenSHA program and the logistic regression model for the seven magnitude scenarios for (top) population and (bottom) buildings within the Northridge site. Population exposed was calculated for 1990 and 2000 using census data. Buildings exposed were calculated for housing units in 1990 and 2000 from census data and important buildings within the Northridge site Therefore, whilst the exact future fault scenario is not accounted for in this paper, the landslide hazard model can be used with any peak ground acceleration variable as input to estimate the landslide probability and exposed assets to specific scenarios in the Northridge area.
The covariates found to be significantly associated with landsliding in the Northridge site were peak ground acceleration, roughness, elevation, slope gradient, fault density, drainage distance, ridge distance, aspect, geology, vegetation and soil type. The type of rock and its associated properties are a known significant factor in whether failure occurs (Radbruch-Hall and Varnes 1976; Nilsen et al. 1979) . The type of geology with the greatest percentage of total landslides at the Northridge site is Miocene sedimentary type (Geol7) ( Table 3 in Appendix). The type of soil with the greatest percentage of total landslides is soil 14, a mixture of San Benito, Castaic, Calleguas, Balcom and Badland soil types. These soils are silty, clay, loamy types, typically weathered from sedimentary rock. Earthquake shaking can cause greater displacement of weak soil and geology types compared to stronger material (Hovius and Meunier 2012). The Northridge landslides demonstrate a strong correlation with particularly susceptible, weak geology and soil types through the logistic regression analysis.
The logistic regression analysis also showed a significant relationship with distance to drainage and distance to ridgeline. However, there is a positive relationship between landslide occurrence and distance to drainage and a negative relationship with distance to ridgeline. This means landslides at the Northridge site are more common further from drainage lines but closer to ridgelines. Hydrology is an important factor for landslide occurrence because it can influence pore water pressure and susceptibility to landsliding. However, the relationship between landsliding and distance to ridgelines is often stronger for earthquake-triggered landslides, compared to rainfall-triggered landslides (Korup 2010; Meunier et al. 2008; Li et al. 2012; Chang et al. 2007 ). This is because topographic amplification of ground acceleration occurs during earthquake events, reflecting and diffracting seismic waves along the surface, causing higher levels of shaking near the ridgeline (Korup 2010; Meunier et al. 2008; Li et al. 2012 ).
There was a discrepancy between the OpenSHA peak ground acceleration estimates and those recorded during the 1994 Northridge event for the same scenario. However, the ROC AUC for the M w 6.7 scenario using the OpenSHA PGA variable was not significantly different from that for the original PGA variable, and the accuracy of correctly modelling landslide occurrence was only minimally reduced (Hanley and Mcneil 1983) . The negative error between the OpenSHA model-simulated peak ground acceleration and the recorded peak ground acceleration was mostly confined to the San Fernando Valley. This is where the OpenSHA peak ground acceleration simulated lower values than the recorded peak ground acceleration during the 1994 Northridge earthquake. The San Fernando Valley was not affected by landsliding and, thus, does not greatly affect the ability of the landslide hazard model to estimate landslide probability. The confinement of the majority of negative error to the San Fernando Valley could indicate the difficulty of simulating ground amplifications in basin soils. Alternatively, the input parameters used in the OpenSHA application might not represent sufficiently accurately the fault process observed during the 1994 Northridge earthquake. The difference between the recorded peak ground acceleration and that simulated by OpenSHA could arise from several sources such as the choice of attenuation model and the uncertainty in the original recorded data.
The attenuation model and fault parameters were chosen to match the ShakeMap 1994 Northridge scenario as closely as possible. Fault parameters were chosen as a point source of shaking located at the epicentre because accurate data of the real fault surface were not available. When compared with the original peak ground acceleration data, Campbell (1997 with erratum 2000 changes) attenuation model produced the smallest RMSE out of the 11 attenuation models available, and, therefore, as the best available attenuation model, it was selected for this study.
The recorded 1994 peak ground acceleration variable itself is not without uncertainty. The positive error between the OpenSHA model-simulated peak ground acceleration and the recorded peak ground acceleration was mostly confined to the northwest of the epicentre, in the rougher terrain. This is where the OpenSHA peak ground acceleration simulated higher values than the recorded peak ground acceleration during the 1994 Northridge earthquake. This discrepancy could be due to error in the peak ground acceleration map in steeply sloped areas produced from the recorded event. Of the 200+ recording stations used to record the Northridge earthquake shaking, very few were located in steeply sloping areas where landslides occurred. The field evidence of topographic amplification suggests that the shaking in the mountains was much higher than would have been modelled by interpolating between flat land sites. The ShakeMap for the Northridge 1994 event was generated using the recorded ground motions from seismometers in Ventura and Los Angeles Counties and interpolated between stations using the attenuation model and ground amplification factors of Borcherdt (1994) . The OpenSHA-generated peak ground acceleration model is not calibrated to observed data, which can account for some of the error observed in this paper.
The thresholds of earthquake shaking (≥0.18 g) and landslide hazard (≥0.9 probability) were selected to represent earthquake shaking at 'moderate potential damage' described by the USGS and to represent landslide hazard as a suitably accurate threshold of failure from the 1994 Northridge event. These thresholds do not convey the spatial distribution of, and exposure to, higher or lower levels of hazard, masking patterns of exposure occurring outside the chosen thresholds and resulting in a loss of some information. However, these thresholds provide a measuring level against which asset exposure can be calculated and compared between different scenarios.
As the scenario magnitude increases, earthquake shaking impact increases but then quickly levels out above M w 6.7; however, landslide hazard impact increases rapidly. This is because the earthquake shaking centre is located in the highest density of the population, whilst landslide hazard radiates out from mountainous areas as earthquake magnitude increases, where there is lower density of population. In potential future earthquake events, emergency planners should be aware that as the magnitude of the earthquake increases, the effect of the earthquake shaking may not increase greatly, but the potential exposure to landslide hazards will be much greater and cover a wider spatial region. Longterm landslide susceptibility assessments do not incorporate the increased risk from triggered landslides by a higher magnitude earthquake event because they are based on long-term, typically rainfall-induced landslide occurrences. In the USGS PAGER reports, earthquake shaking damage is estimated in near-real-time following an earthquake event; however, damage and losses from secondary hazards such as landslides are not calculated (Wald et al. 2012) . Awareness of the potential for a rapid increase in exposure to landslide hazards as earthquake magnitude increases can help emergency planners prepare for potential landslide damage and losses, such as blocking roads, which can disrupt relief efforts.
Whilst every effort was made to obtain the most recent version of the asset data, the population, housing units and land cover data are not up-to-date representations of the assets in 2014. Considering the development in the study site between 1990 and 2000, it can be presumed that the area has developed further since the last census in 2000. However, extrapolation to current levels of population and housing units would introduce an additional source of uncertainty in estimating exposed assets. The scenarios, therefore, provide an estimation of the relative increases in exposed assets as earthquake magnitude increases, rather than estimation of exposure in the year 2014. An increase was observed in the total number of assets within the study site since the Northridge 1994 earthquake. Therefore, the analysis suggests that if the same earthquake occurred tomorrow, more assets would be exposed to earthquake shaking and landsliding compared to the 1994 event. The land cover map for the year 2020 shows estimates of urban areas based on current projections. The projected increase in urban land cover by 2020 suggests that urban expansion is likely to continue into the near future at the Northridge site. If this current trend continues, this will increase the number of assets in areas which have potential exposure to high probability of landsliding and intense earthquake shaking if the Northridge earthquake re-occurred.
The applicability of the model is constrained to the immediate Northridge area, as used in the study site. Extrapolating the landslide hazard model to other locations is not possible due to differences in geology, topography, vegetation, etc. at other sites. The landslide hazard model in this study has been fitted to the location's conditions and, as such, is site-specific. However, the method presented here can be repeated for other earthquake-triggered landslide events where peak ground acceleration and landslide inventory data are available to produce landslide hazard models for other environmental conditions.
There is currently no global quantitative coseismic landslide hazard model available to estimate the potential location of landslides as a result of earthquake shaking. In future research, the relation between landsliding and peak ground acceleration should be investigated for other earthquake and coseismic landslide events where recorded ground motion data and landslide inventory maps are available. The USGS is in the process of developing models to address this research gap (Nowicki et al. 2014) . The methodology presented here supports the suitability of logistic regression analysis using ground motion data as a method for calculating the probability of landslide occurrence due to a particular earthquake. Recent developments of ShakeMap peak ground acceleration maps and landslide inventory maps for past earthquake events can be used to develop quantitative landslide hazard models. Logistic regression analysis provides a quick and robust method of fitting landslide probability models for such events. Logistic regression analysis would need to be repeated for other sites globally to provide region or type-specific landslide hazard models. The increased collation of landslide loss data in recent years could also be utilised with these logistic regression models to estimate potential losses from coseismic landslides in the future.
Long-term landslide susceptibility assessments can under-represent earthquake-triggered landslide risk because rainfall-induced landslides occur on different time scales and in different locations to earthquakeinduced landslides. Long-term landslide susceptibility assessments typically put emphasis on rainfall-induced landslide events to model susceptibility as they occur more frequently than earthquake-triggered landslides. This can lead to under-representation of earthquaketriggered landslide risk. The spatial differences in earthquake ground motion can increase the likelihood of failure on a slope with higher peak ground acceleration, compared with lower peak ground acceleration, even if the inherent properties of the slopes are the same. Locations close to ridgelines will also be more susceptible to landsliding in earthquake events compared to rainfall-triggered events, due to topographic amplification. To be able to estimate the spatial location of potential landslides as a result of a given earthquake scenario, the pattern of ground motion should be taken into consideration.
The method presented in this paper represents a new and powerful approach to landslide hazard modelling by linking landsliding to the trigger factor, spatially distributed as peak ground acceleration. The landslide hazard, rather than susceptibility, can be estimated for any earthquake in the greater Northridge area because it is a function of ground motion, which can be simulated for any earthquake event (earthquake magnitude, epicentre location and fault type). Thus, such a modelling approach represents a useful decision-support tool for planning and emergency management by estimating the distribution of probability of landsliding given the occurrence of an earthquake, whether real or hypothetical.
Conclusion
If the Northridge earthquake occurred tomorrow, exactly as in 1994, the event would likely result in more losses and damage than the 1994 event due to increases in human population and infrastructure since 1994. If the earthquake occurred with a higher recorded moment magnitude then exposure and, thus, potential losses from landslides would increase at a rapid rate, as quantified in this paper. The scenario maps produced here can be used by land use and emergency planners as a reference for those areas at risk of landsliding and high levels of earthquake shaking during a similar event to the Northridge 1994 earthquake.
Including ground motion as a variable in logistic regression analysis to estimate probability of landsliding is rare in the published literature. Including a ground motion variable can increase the accuracy of landslide modelling, but more importantly, the model can be utilised to estimate probable locations of landslides as a result of any reasonable earthquake scenario, identifying areas likely to be exposed to landslide hazard and, thus, the potential for damage to populations and infrastructure. The method and model used in this paper can be used to estimate probability of landslides as a result of earthquake shaking using OpenSHA-generated peak ground acceleration maps or future ShakeMaps as a result of potential future earthquake events. In the future, the relation between landsliding and peak ground acceleration should be investigated for other earthquake and coseismic landslide events where recorded ground motion data are available. 
